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Abstract Econometrics is currently one of the most popular approaches to economic analysis. To better support
advances in these areas as much as possible, it is necessary
to apply econometric problems to econometric intelligent
systems. The article describes an econometric OLAP
framework that supports the design of a multidimensional
database to secure econometric analyses to increase the
effectiveness of the development of econometric intelligent
systems. The first part of the article consists of the creation
of formal rules for the new transformation of the econometric model (TEM) method for the econometric model
transformation of multidimensional schema through the
use of mathematical notation. In the proposed TEM
method, the authors pay attention to the measurement of
quality and understandability of the multidimensional
schema, and compare the proposed method with the original TEM-CM method. In the second part of the article, the
authors create a multidimensional database prototype
according to the new TEM method and design an OLAP
application for econometric analysis.
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1 Introduction
The field of econometrics has developed rapidly in the last
three decades, and its applications can be found in several
areas, such as determination of the level of interest rates,
estimation of the price elasticity of oil demand, and the
production analysis of business. Econometrics has become
an interesting tool that enables the extraction of useful
information regarding important business matters related to
a company and the economy. However, the application of
econometric models is a nontrivial process that requires a
good understanding of mathematics and statistics.
Currently, several econometric software programs and
tools exist. Renfro (2004) and Belsley and Kontoghiorghes
(2009) described the characteristics of the most widespread
econometric software programs, e.g., AREMOS, MODLER, TROLL or WinSolve. Greene (2015) mentioned that
econometric instruments and methods have gradually
changed from an initial emphasis on linear models with one
or more equations to the present utilization of many nonlinear techniques. Another study (Küsters et al. 2006)
introduced several specific problems related to present
econometric and prognostic software. The authors mentioned that it is not possible to solve these problems using
methodological innovations; rather, a correct and appropriate construction of the database is required. Software
and database designers should establish an environment in
which information, along with time series to be predicted,
can be stored to enable a consequent analysis and
methodological improvements. The authors noted that a
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stable, robust and fast interface should be available for
transactional databases or online data marts. The quality of
an analytical database is vital for future econometric
systems.
To support decision making as much as possible in the
areas of economic analysis, it is necessary to treat econometric problems using intelligent decision support systems
for managers, professionals and expert staff at various
management levels. To cope with this problem, several
attempts have been made in the last two decades. One of
the first studies (Dolk and Kridel 1991) examined the
feasibility of developing an artificially intelligent econometrician as an active decision support system. The next
study (Brown et al. 1995) described an econometric-based
system to estimate daily cotton market prices. Another
study (Brandl et al. 2006) applied the genetic algorithm to
an automated econometric decision support system for a
foreign exchange market. Various approaches were
extensively used, mainly for the automation of econometric
methods (e.g., Assaf and Dugan 2007; Yu et al. 2008;
Recio et al. 2010).
1.1 Problem Statement and Previous Research
Econometrics uses panel data to analyze company behavior
and employee salaries over a certain period, for instance.
Numerous econometric applications use large data panels,
such as financial econometrics, where the evolution of
stock prices with a minute price change can be analyzed.
Such models work with a large number of observations that
are not available in conventional time series. Panel data is
usually not over aggregated as are typical data in time
series, so it is possible to analyze and test more complex
hypotheses of dynamics and behavior. The powerful OLAP
technology is needed to analyze dozens of variables and a
large amount of data of econometric models efficiently and
fast. The current econometric tools also do not offer the
possibility to analyze the theoretical combinations of values that can occur in the economic reality as well as to
support the essential what-if questions (see Sect. 7.3).
Previous studies did not focus on the actual design of the
databases of these econometric systems and even on the
use of new approaches to online analytical processing
(OLAP) concepts. The first such effort involved the
development of the transformation of the econometric
model into the conceptual model (TEM-CM) method
(Tyrychtr and Vasilenko 2015), which has been used to
formally transform econometric models into the conceptual
model of a multidimensional database as the basis for an
econometric system based on OLAP.
OLAP offers a new solution that has not been considered in the context of econometric analysis until now.
Specialized econometric software tools do not provide an
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intuitive analysis of econometric models in a form comprehensible to professionals and managers, whose decision-making needs are related to or based on econometric
analysis but who have limited knowledge regarding the
development of econometric models. From this perspective, the use of OLAP for the econometrics presented in our
paper is unmatched.
Our paper represents a new methodology for developing
OLAP solutions for econometric analyses. We do not try to
improve upon the OLAP technology. Instead, we utilize its
advantages to create a proper framework for designers of
econometric or other intelligent systems. We introduce an
upgraded transformation of the econometric model (TEM)
method, which is based on our original TEM-CM method,
for conceptual database design based on econometric
models. Several shortcomings of the TEM-CM method
exist, which we describe later in this article. Progress in
this domain rests in upgrading TEM-CM to enable it to
transform econometric models and in designing a new
methodology aimed at representing econometric requirements using OLAP solutions in the new decision support
systems of an enterprise.
Our research addresses improvements to the method of
transformation, which can better support the design of the
multidimensional databases of econometric-based systems.
Application of this method is illustrated by an agricultural
case study. Authors addressing the design of an analytical
system for agriculture (e.g., Karmakar et al. 2007; Rai et al.
2008; Schulze et al. 2007; Han and Ju 2008; Nilakanta
et al. 2008; Abdullah 2009; Bimonte et al. 2013; Uyan
et al. 2013; Fountas et al. 2015) have already considered
the utilization of econometric functions. However, econometric analysis (e.g., Bravo-Ureta et al. 2007; Čechura
2014; Nowak et al. 2015) for agricultural businesses has
presented great potential for the improvement of their
production and technical efficiency. Thus, research faces
the challenge of developing appropriate analytical methods
that can create an econometric OLAP solution.
1.2 Research Question and Methods
To close the abovementioned research gap, we address the
following research question: How can we develop OLAP,
which is an online analytical solution, for econometric
analyses? This article makes the following contributions:
(1) we show how to transform econometric models into
conceptual models for analytic database design; (2) we
create a new design framework that supports these
econometric decision-making processes.
In the first part of our article, we create an innovative
TEM method using a formal notation. Accrued rules serve
as a methodological framework for designing the conceptual and logical schemas of an analytical database.
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In the second part of the article, we create an econometric model for online analytical processing (EM-OLAP)
framework by utilizing the TEM method. We create prototypes of OLAP solutions from econometric models and
search for convenient ways to design them. This process
results in a complex methodological framework of OLAP
design for econometric analyses support, which makes
implementation of the econometric decision-making principles easier.
1.3 Structure of the Article
The article is organized as follows. Section 2 presents a
review of the literature and theoretical background of the
OLAP field, econometrics and the description of the TEMCM method. Section 3 describes the research approach for
defining and obtaining the EM-OLAP framework. Section 4 presents the goals and hypothesis. Section 5
describes the creation phase of the new TEM method,
including a comparison of the original TEM-CM method to
the new TEM method and measurement of the understandability (a quality sub-characteristic) of the conceptual
schemas. Section 6 explains the rules of the new TEM
method. Section 7 presents the creation of the prototype of
a multidimensional database created via application of the
TEM method. This section also describes a systematic
experiment on the created prototype and the progress
achieved by the design. Section 8 presents the EM-OLAP
framework for the creation of econometric OLAP systems.
Section 9 presents the acceptance of the EM-OLAP
framework in a real business. Section 10 discusses the
methodology and results of the article. Finally, Sect. 11
concludes the article.
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processing OLAP questions using OLAP operators such as
roll-up, drill-down, slice-dice, and pivoting.
Many approaches to formally defining operator data
cubes exist (a comprehensive overview can be found in
Vassiliadis and Sellis 1999). Generally, a data cube consists of dimensions and measures. Dimensions represent
the concepts based on which the analysis of summarized
data is carried out. Analysts must often group data together
and therefore must assess each dimension at different
levels of detail. Hence, it is important to organize data into
multidimensional hierarchies. Hierarchies of dimensions
specify aggregation levels and granularity. For example,
the time dimension can be defined as the following multilevel hierarchy: day ? month ? quarter ? year. Measures (monitored indicators) of the cubes are mainly
quantitative data that can be analyzed. Common examples
include sales, profit, revenue and costs.
Several technologies can be used for the physical storage of multidimensional data (and the implementation of
OLAP applications). The two main ways to store data are
the so-called multidimensional OLAP (MOLAP) and the
relational OLAP (ROLAP). The multidimensional data
model based on the relational model distinguishes two
basic types of relations: dimension tables and fact tables.
These relation types can be used to create a star schema
(e.g., Wu and Buchmann 1997; Chaudhuri and Dayal 1997;
Ballard et al. 1998; Boehnlein and Ulbrich-vom Ende
1999), various forms of a snowflake schema, (e.g.,
Chaudhuri and Dayal 1997; Ballard et al. 1998; Boehnlein
and Ulbrich-vom Ende 1999) and a constellation schema
(e.g., Abdelhédi and Zurfluh 2013). The problem of
choosing an appropriate structure/schema is solved in
another work (Levene and Loizou 2003).
2.2 Econometric Models

2 Theoretical Background
2.1 OLAP
OLAP is an approach offering decision support that aims to
gain information from a data warehouse or data marts
(Abelló and Romero 2009). OLAP allows the aggregation
of data and inspection of indicators from different points of
view. OLAP gains aggregated data by grouping various
analytical data from a multidimensional database. Multidimensional data analysis is based on the fact that decision
makers need aggregate data related to a particular topic,
which will also be assessed according to certain factors.
Aggregated data are typically modeled as a generalized data
cube, which is the default model for OLAP. A data cube is a
data structure used to store and analyze large amounts of
multidimensional data (Pedersen 2009). A data cube allows
utilizing the benefits of a multidimensional view of data and

An econometric model (EM) is a mathematical model that
is a mathematical-statistical formulation of economic
hypotheses. It expresses the dependence of economic
variables on the variables that explain the hypothesis. The
Cobb–Douglas production function is most often used in
the economic literature and can be characterized by constant elasticity of the production factors, invariability in the
economies of scale among businesses and a convexity
isoquant function towards the beginning. The Cobb–Douglas production function has the following general form
(e.g., Felipe and Adams 2005):
b b

b

y ¼ axl l xp p xk k

ð1Þ

where y is the amount of output, xl;p;k is the amount of lth,
pth and kth input, a; b is the parameters of production
function.
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An EM may be composed of more than one equation in
the enterprise environment. Stochastic equations with
random variables and identity equations exist in the model.
In a standard linear model, mathematically (Tvrdoň
2006):
y1t ¼ c11 x1t þ c12 x2t þ    þ c1g xgt þ u1t
y2t ¼ b21 y1t þ c21 x1t þ    þ c2g xgt þ u2t

ð2Þ

y3t ¼ y1t þ y2t
ys is an endogenous s-type variable. Its value in the period t
is yst , with s = (1, 2, … g), t = (1, …, n). xr is the rth
exogenous variable, with a value in the period t of xrt ,
where the number of exogenous variables is equal to k.
Thus, r = (1, 2, …, k). The time-delayed endogenous
variable z expresses the effects of variables for period t,
where z = (1, 2, …, t - z). ust is a random variable in the
sth equation of explained endogenous variables in period t.
bis is a structural parameter in the ith equation of the sth
model undelayed endogenous variable, and cir in the ith
equation of the model of the rth predetermined variable.
The construction phases of simultaneous EMs are as
follows (Čechura et al. 2017):
1.

The creation of a matrix model and the content of the
various matrices and vectors is as follows:
•
•
•
•
•

2.

matrix B contains parameters of the endogenous
variables of the model,
matrix C contains parameters of the predetermined
variables of the model,
vector yt contains endogenous variables of the
model,
vector xt contains predetermined variables of the
model, and
vector ut includes stochastic variables of the model.

The identification of the model is based on the
following condition:
k  gD  1, where g is the total number of endogenous variables in the model, k is the total number of
predetermined variables in the model, and D indicates
that the corresponding variable is included in the
equation. If it is identified, ** indicates that the
variable in the equation for which the identification is
made is not included in other equations of the model.

2.3 The TEM-CM Method
TEM-CM, developed by (Tyrychtr and Vasilenko 2015), is
a simple method for creating multidimensional schemas for
econometric OLAP design. This method involves several
rules for the creation of the constellation schema. The first
phase involves the transformation of econometric variables
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into dimensions and fact tables. The second phase involves
the formation of a relationship between the dimensions and
fact tables. This procedure is carried out as follows:
Phase 1: Creation of the primary constellation schema
Rule 1.1: Creation of a fact table in an empty schema for
each endogenous variable from the EM.
Rule 1.2: Creation of dimensions of the schema for each
exogenous variable from the EM.
Rule 1.3: Creation of a time dimension in the schema (if
a time variable exists in the EM).
Phase 2: Creation of relationships in the schema
Rule 2.1: If there is a relationship between the exogenous and endogenous variables in the EM, create tablerelated associations between facts and dimensions in the
schema.

3 Research Approach
We present our research approach, which consists of nine
main phases for the creation of our innovative econometric
OLAP framework (EM-OLAP). The methodological
approach of this article is illustrated in Fig. 1.
Rectangles denote the individual phases of the creation
process of the EM-OLAP framework. Rectangles with
rounded corners denote the general scientific methods used
to achieve relevant goals. The arrows show the sequence of
methodological solutions. The new EM-OLAP framework
is developed based on the following:
Identification: In this section, we formulate the roles of
participants, which specify the utilization of the proposed
EM-OLAP framework. We also define goals and formulate
the hypothesis. All subsequent phases are based on these
objectives and hypothesis.
Design of TEM: In this stage, we create analogies of the
EM with a multidimensional schema and thus enable the
description of the transformation of an EM into the conceptual and logical schemas of the multidimensional data
model. The proposed transformation is performed according to the original TEM-CM methodology and compared to
a new method simply called TEM, which we present later
in this article.
Selection of variants of the TEM designs: Based on the
proposed approaches to transforming an EM into a multidimensional schema, considering the measurement of their
quality, we use the quality measurement presented by
(Serrano et al. 2008; Gupta and Gosain 2010). Both
methodological approaches are based on the measurement
of the complexity of data warehousing (Calero et al. 2001).
Within this phase, we compare the schema quality of the
proposed TEM method with that of the original TEM-CM
method. This phase results in a decision regarding which
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Fig. 1 Research methods for the creation of the EM-OLAP framework

approach is more suitable for transforming EMs into conceptual schemas.
Creation of rules for the TEM method: In this phase, we
create formal rules for the new TEM method through the
use of mathematical notation.
Creation of the prototype: We create a prototype of
conceptual and logical multidimensional schema according
to the TEM method. We also create a prototype of multidimensional OLAP databases and applications to ensure
econometric analyses. We use Microsoft PowerPivot with
Microsoft Excel 2013. The prototype allows us to gain
advantages and constraints for creating an EM-OLAP
framework to design the physical schema of the multidimensional database. We experiment with various forms of
integrated data. To create the prototype, we use a simple
production function within the conventional agriculture
and then acquire the power forms of (Kroupová 2010):
ykt ¼ 205:113L0:249
WUkt0:525 Kkt0:143 :
kt

ð3Þ

The chosen production function is applied to the final
output y, which is estimated based on constant 2005 prices
(measured in thousands of Czech crowns) for the comprehensive analysis of the impact of the fundamental factors of production. The explanatory variables are the
following factors of production: land (L) is a hectare of

utilized land, work (WU) is the average number of workers, and capital (K) is expressed as the sum of tangible and
intangible fixed assets (in thousands of Czech crowns).
Design of the EM-OLAP framework: As a result of the
abovementioned phases, we develop a new EM-OLAP
framework to create econometrically based OLAP systems.
Acceptance. In this phase, we conduct a systematic
experiment using the achieved process design of the EMOLAP framework. This method is used in conjunction with
the creation of a prototype.
Application. The accepted EM-OLAP framework is
applied in real cases.
Approval. This final phase of our research coincides
with the application phases. The aim of this phase is a new
correction of the EM-OLAP framework to adapt it to
changes in the application environment.

4 Identification Phase
The aim of the EM-OLAP framework is to provide system
designers with methodological guidelines to facilitate the
design of systems for decision-making support in econometric analyses. To improve clarity, we present the
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Fig. 2 Role of workers within EM-OLAP framework

following roles, which are directly or indirectly related to
the utilization of the EM-OLAP framework (see Fig. 2):
Econometrist – a scientist or analyst that models
economic reality using statistic, mathematic or economics instruments. He/she is an expert in economy and
statistics and utilizes economic and statistic software.
His/her work results in EM equations. He/she does not
use an EM-OLAP framework. Rather, he/she only
formally identifies the economic reality to design
econometric systems. OLAP is not the substantial
instrument of an econometrist.
System designer – someone that proposes a system
design or architecture. He/she proposes an optimum
balance between business needs and technological
constraints. Econometric intelligent systems are a rather
special part of system design but currently lack methodical guidelines. Thus, the EM-OLAP framework is
directly designed to meet the needs of a system designer,
enabling him/her to design econometric systems based
on OLAP concepts.
Analyst – someone that directly works with the created
OLAP solution. He/she performs econometric analyses
(e.g., analyses of production factors, consumption
changes or unit and marginal costs), creates key
performance indicators (KPIs) and develops reports for
decision makers (managers).
Decision maker (manager) – someone who evaluates the
econometric analyses and proposes further steps.
Because no comprehensive approach to creating
econometric systems using OLAP exists, our goal is to
suggest a new EM-OLAP framework to improve the design
of econometrics-based intelligent systems. We differentiate
the main goal from the following subgoals:
1.

Creation of the TEM method for the transformation of
an EM into a multidimensional paradigm:
•

to perform a comparison of multidimensional
schemas via measurements of data mart quality and
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Table 1 Working hypothesis
Hypothesis
H1: A possible transformation of the EM into the physical schema
for OLAP exists

•
2.

to create formal rules for the transformation of an
EM.

Creation of the OLAP prototype allowing econometric
analysis:
•
•

design of conceptual and logical schemas of a
multidimensional database and
creation and implementation of the physical design
of the OLAP prototype.

To meet the first subgoal of creating the TEM method,
we formulate the following working hypothesis (see
Table 1).

5 Creation of the TEM Method
We now illustrate the proposed TEM method for a multidimensional database. We first describe the transformation
method of TEM-CM and then that of the innovative TEM
method. Then, we compare the quality of the resulting
schemas and choose the appropriate transformation process. Finally, we use mathematical notation to describe the
new method.
5.1 Proposal of TEM
First, we consider the EM with one equation:
yt ¼ c1 x1t þ c2 x2t þ c3 x3t :

ð4Þ

Equation (4) may represent a production, cost or any
other function. Exogenous variables can represent, e.g., the
amount of personnel, material conditions, and the number
of aid grants. At this stage, understanding the meaning of
each variable is not essential. Now, we use the original
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Fig. 3 Conceptual schema for the EM with 1 equation, according to
the TEM-CM method

Fig. 4 Logical schema for the EM with 1 equation, according to the
TEM-CM method

TEM-CM method to transform the EM (4) into the conceptual schema.
In the first phase of the conceptual design, we create a
multidimensional database fact table in an empty conceptual schema (created according to the original TEM-CM
method). Based on the EM Eq. (4), we can consider the
value of the endogenous variable y as fact. Therefore,
y represents the fact table. Exogenous variables x1, x2, and
x3 represent dimensions. Since the model contains a time
variable t, we add the dimension of time to the schema. The
fact table is associated with the roll-up relationship for all
relevant dimensions, i.e., the variables on the right side of
the equation. All notations of the equation represent the
measure and thus serve as observed indicators, which will
be part of the fact table. Thus, the created conceptual
diagram is as shown in Fig. 3.
For the transformation into the logical schema, we
provide each dimension with a numerical primary key and
associate each with the fact table via a foreign key. The
result of this step is demonstrated in Fig. 4.
The above transformation corresponds to the model with
one equation. It is therefore appropriate to consider a more
complex model, such as the model with three equations
(i.e., model 2) described in Sect. 2. For this EM, we apply
the following transformation.
In the first phase, we create the fact table in an empty
schema for y1, y2 and y3. Subsequently, we create a
dimension in the schema for each exogenous variable in
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our EM (x1, x2, x3, x4 and x5 ). Since the model contains a
time variable t, we also create the dimension of time. We
create roll-up table associations between fact tables and
dimensions. Thus, for example, the equation y2t ¼ b21 y1t þ
c21 x1t þ c25 x5t þ u2t indicates that the dimensions x1 and x5
are related to a fact table y2 . However, an endogenous
variable y1 appears in this second equation. A roll-up of the
association between the fact table y1 and the fact table y2
must be created. For the transformation into the logical
schema, each dimension is provided with a numerical
primary key and associated with the fact table by a foreign
key. It is necessary to monitor the measures that will be
part of each fact table for each of the three equations.
Random variables u1t ; u2t are not illustrated in any conceptual or logical schema. The created logical schema is
illustrated in Fig. 5.
The resulting schema is physically realizable only when
we use ROLAP technology. For an MOLAP implementation, it would not be possible to connect each fact table, or
in the MOLAP terminology, the data cubes. Therefore, in
the case of simultaneous EMs, it is necessary to convert the
model to a reduced form. In the case of model (2), the
reduced form of the second equation would be as follows:
y1t ¼ c11 x1t þ c12 x2t þ c13 x3t þ c14 x4t þ u1t
y2t ¼ b21 ðc11 x1t þ c12 x2t þ c13 x3t þ c14 x4t Þ þ c21 x1t þ c25 x5t þ u2t :

ð5Þ
A simple substitution can be expressed using the equation without endogenous variables on the right side of the
above equation. The consequence is that in the conceptual
(logical) schema, the fact tables are not connected to each
other. This model can be implemented for the MOLAP
data store but at the cost of a high increase in interconnections between fact tables and dimensions. The model
with one equation typically expresses a star schema, while
the model with more equations corresponds to a constellation schema (in the case of simultaneous models) or a
galaxy. Clearly, the generated logical schema of an EM
with three equations (Fig. 5) is more complex than that of
an EM with 1 equation (Fig. 4).
Fact tables in the TEM-CM should not be mutually
interconnected. Instead, they should be connected by
means of the shared dimensions. This could yield constellation or galaxy types of design, which would be more
logical for such a design. The disadvantage of TEM-CM in
this approach could be the technical design problems of the
concrete OLAP platform. Some OLAP tools do not allow
connecting several fact tables with the shared dimensions,
while for others, it is difficult to do so. Generally, it is
possible to connect fact tables with a shared table, but a
problem occurs in several shared dimensions. Because of
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Fig. 5 Logical schema for EM with 3 equations, according to TEM-CM

this technical problem with shared dimensions, we consider
other modeling techniques.
Given the above shortcomings of the original transformation methods, we now consider other structural designs
of conceptual schemas. Thus, the above claim that yt is a
fact table can be replaced as follows. Consider only one
fact table in the schema. Individual endogenous variables
will not be expressed in individual fact tables in this scenario. Instead, each equation yt represents one measure
(indicator) of the fact table. We thus proceed in a similar
manner. We create a dimension in the schema for each
exogenous variable xt of the EM and create a dimension of
time. We create roll-up table associations between facts

and dimensions. The result of this transformation approach
is illustrated in Fig. 6.
This schema enables us to record the same econometric
variable, as in the originally considered approach (Fig. 5).
We focus on the comparison of these two variants of
transformation of the schema arising from the above procedures and select the most suitable one to design a multidimensional database in the next part of this article.
5.2 Comparison of Multidimensional Schemas
The two abovementioned variants of EM transformation
are possible for the design of multidimensional schemas.
Given the generally increasing complexity of analytical
databases, we should pay attention to the evaluation of
their quality during their development. In this part of our
work, we verify whether the results of measuring the
quality and understandability of the multidimensional
schema for the two abovementioned variants of the presented transformation are significant. This verification is
important for determining which of the approaches
described above should be selected to transform the EM.
5.2.1 Quantitative Comparison

Fig. 6 Logical schema for EM with 3 equations, according to new
version of transformation
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We use a measurement of the quality of data marts
developed by (Serrano et al. 2008; Gupta and Gosain 2010)
for the quality assessment of the schemas. The first and
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Fig. 7 TEM logical schema for EM with 3 equations, variants 1 and 2
Table 2 Result of quality
assessment of the schemas

Table 3 Result of
understandability assessment of
the schemas

Variant 1 (TEM-CM)

Variant 2 (TEM)

Measure

Value of measurement

Measure

Value of measurement

NFT(Sc)

3

NFT(Sc)

1

NSDT(Sc)

2

NSDT(Sc)

0

Sum

5

Sum

1

Variant 1 (TEM-CM)
Measure

Variant 2 (TEM)
Value of measurement

Measure

Value of measurement

NFT(Sc)

3

NFT(Sc)

NDT(Sc)

6

NDT(Sc)

1
6

NFK(Sc)

12

NFK(Sc)

6

NMFT(Sc)

14

NMFT(Sc)

11

Sum

35

Sum

24

second variant of the transformation are evaluated. We
illustrate both resulting schemas in Fig. 7.
The evaluation results are shown in Table 2. We measured several fact tables of the NFT schema and a number
of shared dimension tables of the NSDT schema. Clearly,
the schema created according to the first variant is structurally more complex; the total value of the measurements
is greater than that of the second design type.
Another possible indicator of the quality of the resulting
schemas is the measurement of understandability. Evaluation is performed again for the first and second transformation variant. We measured several fact tables of the NFT
schema, several dimension tables of the NDT schema, and
a number of foreign keys from all the fact tables of the
P
NFK schema. NFK ðScÞ ¼ NFT
where
i¼1 NFK ðFTi Þ,

NFK ðFTi Þ is the number of foreign keys in the fact table i
of the schema Sc. The number of facts in the fact tables of
the
NMFT
schema
is
determined
using
NMFT ðScÞ ¼ NAðScÞ  NFK ðScÞ, where NAðScÞ is the
number of attributes in the fact tables of the schema Sc.
The evaluation results are shown in Table 3.
The measurement results (Table 3) show that the first
variant is significantly worse in terms of understandability.
Again, the second alternative is more suitable for transforming the EM. Comparison of the proposed TEM method
with our original TEM method was the main reason for
testing the quality of the designed prototypes of the conceptual schemas. The results of this comparison clearly
demonstrate that our proposed method can be used to
design schemas with higher quality compared to those of
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the original method. This outcome occurs because the
design type is changed from the original snowflake schema
to the star schema, which generally offers designers better
intuition.

8xr 2 X : ds 2 Dim and 8xrt 2 X : drt 2 Dim:
Rule 1.3: If there is a time variable in the EM, create the
time dimension:
8xrt 2 X : drt 2 Dimtime :

6 The TEM Method
Based on the results of the quantitative comparison, we
create a formalized new TEM method, which is based on
the second variant of the multidimensional schema design.
6.1 Formal Representation

Phase 2: Creation of relations between entities in the
star schema.
Rule 2.1: If there is a relationship between exogenous
variable x, endogenous variable y and function getKey
that returns a set of keys to these variables, then we
create associations between the corresponding fact and
the corresponding dimension:
8ðx; yÞ 2 Rel : ðd; c; KÞjðd 2 DimÞ ^ ðc 2 FactÞ

To formally define the rules of the TEM method, let us
consider a set Y and set X, where:
Y ¼ fys g [fyst g is a finite set of endogenous variables,
X ¼ fxr g [fxrt g is a finite set of exogenous variables
and
Rel  ðX  Y Þ [ðY  Y Þ is a set of structural relations in
the EM.
The star schema is any set with five elements (Ent, Key,
Att, Ass, getKey), where:
Ent is a non-empty finite set of entities in the schema,
Key is a finite non-empty set of keys in the schema,
Att is a finite non-empty set of attributes in the schema,
Fact  Ent is a finite set of facts in the schema,
Dim  Ent is a finite set of dimensions in the schema,
and
Measure  Fact is a finite set of measures in the
schema.
Each entity e 2 Ent is described by the collection of
keys and attributes 8e 2 Ent : 9ðfk 2 Keyg [fa 2 AttgÞ.
getKey is a function that returns the Key entities in the
star schema: getKeyðeÞ : Ent ! Keye  Key:
Ass  ðDim  FactÞ is a finite set of relationships of the
entities.
6.2 Design of Rules for the TEM Method
Phase 1: Creation of the basic star schema.
Rule 1.1: Creation of measures in an empty star schema
for each endogenous variable of the EM, which is
defined by:
8ys 2 Y : ms 2 Measure and 8yst 2 Y : mst 2 Measure:
Rule 1.2: Creation of the dimension in the star schema
for each exogenous variable in the EM, which is defined
by:
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^ ððd; cÞ 2 AssÞ ^ ðK  Kd [ Kc j
 ðKd ¼ getKeyðdÞÞ ^ ðKc ¼ getKeyðcÞÞÞ

6.3 Application of the Rules of the TEM Method
To verify the rules, we consider EM (1) and the simplified
semantic context of the example, where y1t denotes
industry production during the period t, y2t denotes other
production during the period t, y3t is the total production
during the period t, x1t is quantity, x2t is price, x3t is market
demand, x4t is supply, x5t is firm-specific information, and
u1t, u2t are random components of the period t.
The example describes a situation in which the total
production depends on industry production and other production. We should observe the different measures for each
of these three endogenous variables. In the first phase, we
create measures in the fact table in an empty star schema
for y1t, y2t and y3t (rule 1.1). Subsequently, in accordance
with rule 1.2, we create a dimension in the star schema for
each exogenous variable in our EM: quantity, price, market
demand, supply and firm-specific information (e.g., product
characteristics). Since model (1) includes a time variable t,
the time dimension is created. In the last phase (rule 2.1),
we form an association via the generated keys between the
fact table and dimensions. Thus, for example, the equation
y2t ¼ b21 y1t þ c21 x1t þ c25 x5t þ u2t indicates that the level
quantity of products and firm-specific information have a
relationship with other production (i.e., with the measure
y1t in the fact table). In the application context, the equation
may be expressed as follows:
y1t ¼ 3:45x1t þ 1:32x2t þ 1:07x3t þ 0:43x4t þ 284:36
Thus, random components u1t ; u2t and parameters b, c
are already expressed numerically. Therefore, random
components u1t ; u2t (or other variables that are not listed in
the rules of the TEM method) are not depicted in the
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schema. The entire schema is thus shaped like a star in
Fig. 6.

7 The Creation of the Prototype
To obtain an accurate preview of the future econometric
OLAP solution, we create a prototype of a multidimensional database via the TEM method. Creation of the
prototype will allow us to obtain benefits and limitations
for the creation of the final form of the OLAP framework.
To create the prototype, we follow the design of data marts
of (Rizzi et al. 2006). To create the prototype, we use
conventional production function (1).
7.1 Conceptual Design of the Prototype
To create a conceptual schema, we apply the rules of the
TEM method. Application of the TEM method to production function (3) leads to the identification of measures
and dimensions. Only one fact table exists for the entire
schema. The measures identified by rule 1.1 are therefore a
subset of the fact table.
The results of the applied rules (Table 4) allow the
creation of the conceptual schema, which we further
complete using a logical design.
7.2 Logical Design of the Prototype
A conceptual model is helpful for multidimensional database design, as it facilitates communication between OLAP
users and a database designer. However, conceptual models
should be converted into logical models for implementation in a database system. The data structure is already
described in detail in the logical model regardless of its
physical implementation in a database system. To this end,
we should perform the following:
7.2.1 Find Relationships Between Different Sets of Entities
First, we apply rule 2.1 of the TEM method, which allocates an appropriate association with the fact table to each
identified dimension in the logical design.

7.2.2 Specify Primary Keys for All Sets of Entities
We add primary keys ID_Land, ID_Work_ ID_Capital and
ID_Time to each dimension table. We do not consider
surrogate keys for our purposes despite the common use of
the surrogate key design pattern to manage entities across
disparate source systems.
7.2.3 Find All Attributes for Each Set of Entities
Since the TEM method does not affect the creation of
attributes relative to the semantics of variables in the
model, it is advisable to add other possible dimension
attributes to the schema after using the TEM method. For
the land dimension, we include the acreage attribute, which
contains data regarding the hectare acreage of land. For the
work dimension, we create the number attribute, which
includes the number of workers. To the capital dimension,
we add the size attribute, which is expressed as the sum of
tangible and intangible fixed assets (in thousands of
crowns).
7.2.4 Specify the Hierarchy of the Time Dimension
We add attributes to the time dimension that will allow
econometric analysis in the long term. From an economic
perspective, it is irrelevant to conduct an analysis in the
short term, as most of the factors in the equation remain
unchanged during the short term.
7.2.5 Identify Granularity and Approach of Slowly
Changing Dimension
The type of data granularity must also be chosen. The
snapshot granularity is suitable for an econometric analysis. Data are entered into a database with the same time
intervals (e.g., every quarter). Thus, the time dimension
considers both the year and the quarter. In these intervals, it
is possible to identify changes in various dimensions.
Generally, a need to follow changes in dimension attributes
in the data mart to report historical data also exists. Two
situations can occur in the context of econometric analyses:
1.

Table 4 Description of the results of the TEM
Rule 1.1

Measure

ykt ¼ 205:113L0:249
WUkt0:525 Kkt0:143
kt

Rule 1.2

Dimension

Land (L)
Work (WU)

Rule 1.3

Dimension

Capital (K)
Time
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2.

An incorrect concrete variable value needs to be
corrected. This can be done by overwriting the old
value method. No history of dimension changes is
stored in the database in this case. The old dimension
value is simply overwritten with a new dimension.
This alternative is easily maintainable for an econometric OLAP.
The measure calculation needs to be changed. This
problem can be split according to two possible
situations:
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•

•

The first corresponds to the situation in which an
econometrist has changed parameters in the econometric equation. The original measure should be
preserved, while a new one should be created. This
process enables EM-OLAP users to see differences
in the calculation of the old and new econometric
equations. This situation has no influence on
dimension changes.
The second results from a need to add or remove a
variable to/from the EM (to add or remove a
relationship with a dimension to/from a measure).
This need leads to principal difficulties with a
granularity, which is more broadly discussed in
Sect. 7.4.2). This problem can be solved by
creating a new data model with a new fact table.
A high data redundancy is the disadvantage of this
solution.

Fig. 8 Logical schema of the prototype

Fig. 9 Diagram of the prototype, developed using PowerPivot
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Figure 8 illustrates the resulting final logical schema.
7.3 Physical Design of the Prototype
After creating the logical schema, our next step is to design
the physical schema. Essentially, we supplement the logical model with physical characteristics that are typical for
OLAP technology and specific database systems. However,
at this stage of acceptance of our solution, the optimum
specific setting of the proposed database solution is not
important, but the opportunity to examine the proposed
logical model is. Therefore, we use Microsoft Excel 2013
and PowerPivot to develop the physical design of the
prototype, which is sufficient to build our prototype.
First, we integrate data into the fact table and each
dimension and create the relationship proposed by the
logical schema (Fig. 9) using PowerPivot. Integrated data
do not represent specific data of a single company. Data are
averaged to represent a medium-sized firm in the period of
2010–2012 with an average number of workers in the
interval \ 3; 6 [, capital (millions CZK) in the range
of \ 2.5; 4 [ and land area (ha) in the interval \ 90;
120 [. Integrated tables contain attributes designed using
the logical schema. Other attributes are not included in the
prototype, especially those that could add dimensions to an
individual hierarchy.
The physical approach of the prototype design allows us
to verify that the logical model proposed by the TEM
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method is feasible and has practical importance in the
design of econometric-based intelligence systems.
Depending on the needs of econometric analyses, it is
particularly necessary to consider the form of the integrated
data. Therefore, to realize a physical model of the prototype, we assume several variants of integrated data (referred to as A, B and C), which have an effect on the
interpretation of the outputs of the OLAP system.
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Fig. 11 PivotTable: factor–factor

7.3.1 Integrated Data – A
The variant denoted as A represents the integrated data that
reflect the current state of the factors of the company. For
example, in the first quarter of 2016, the amount of land
acreage was 125 ha. In the second quarter of 2016, the
amount of acreage was 128 ha. Thus, the acquired data in
each dimension reflect the current states of the real factors
of the company at the time of acquisition.
For practical verification of the prototype of a multidimensional database, we create a PivotTable using PowerPivot (Fig. 10). This output is usually supported by all
client applications for OLAP. Within the PivotTable design, we choose a production indicator that is calculated via
a dimension in rows and columns (land and time). Due to
the characteristics of the production resources, it is possible
to perform an aggregation by taking the sum. However, for
example, the summation of values of the resulting production for the first and second quarters of 2014
(6029 ? 6140) cannot be interpreted correctly. The reason
is that the outcome reflects the current status of production
factors available for the period. Therefore, it is not possible
to interpret the result such that the size of the production in
the first two quarters is 12,169 CZK (s. c.). Hence, instead
of summation, we apply maximization in the following
form of the DAX language of the simplified example:
¼ MAX ð0 FACT0 ½ProductionÞ
This approach enables a clear view of each production
size according to the selected factor and the progress of
time. However, for econometric analysis, it is appropriate
that the OLAP solution allows a factor analysis. In this
approach, this process is possible for the actual combination recorded in the fact table. For example, Fig. 11

presents a pivot table with a sparse matrix. During the
factor–factor analysis, it is possible to monitor the amount
of the factor used for the creation of a specific production.
For example, a production value of CZK 6029 (s. c.) is
created using 90 ha of land and a capital value of 2.5
million CZK. However, it is not possible to determine the
size of production, which could be achieved by using, for
example, 100 ha of land.
This variant of integrated data is practically feasible, but
it is limited within the factor–factor economic analysis,
which is important for most businesses.
7.3.2 Integrated Data – B
The data acquired in different dimensions reflect changes
with respect to the previous state of the factors in the
company. For example, the first data acquired is the acreage of the land (90 ha) in the first quarter of 2014, and the
next data acquired is the amount of acreage (100 ha) in the
third quarter of 2014. These data imply a change of
? 10 ha from the first to third period.
Although the data appear to be fully additive, the prototype implementation suggests the opposite, i.e., that data
are non-additive. Because of the mathematical nature of the
EM, it is not possible to aggregate data for the period from
the first to fourth quarter due to a constant that is included
in model (3). Such aggregation includes increased production of a constant for each quarter. Summation would
correspond to 48.6 instead of 32.2 (Fig. 12).
It is also necessary to calculate the production using a
linearized production function. The reason is that in the
case of no change in the factor amount, it would be
impossible to mathematically calculate the power function.

Fig. 10 PivotTable: factor-time, showing the current state
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Fig. 12 Fact table in PowerPivot, showing the differences

For the above reasons, we reject this data acquisition
approach (in the form of differences).
7.3.3 Integrated Data – C
For the variant C, we integrate the data such that the data in
the dimensions reflect the current state of the factors in the
company and are created in the fact table with all possible
combinations of factors that may theoretically occur. As
does variant A, variant C reflects the various dimensions of
the current state of the company at the time of data
acquisition. However, unlike variant A, this type of integrated data also allows us to perform a factor–factor
econometric analysis of the theoretical combinations of
factors. The basis of the solution is the fact table, into
which we record not only the actual combination of factors
and corresponding calculated production but also all possible combinations of factors that the company can
achieve.
We create the labels of the PivotTable rows based on
the acreage and number of employees. The captions of the

columns are created based on the size attribute of capital.
The formed indicator represents the peak of production.
The entire multidimensional data model can perform cuts
by year and by quarter (Fig. 13). A rule that requires
labeling the results of the factor combinations used at the
company is created in the PivotTable. Dark grey represents
the last calculated value based on real production of the
number of factors (the value CZK 10.511). Grey indicates
values from previous production periods. Unmarked items
(without colors) represent the theoretical value of production. For example, the production value 6.235 CZK is
achieved by using an acreage of 90 ha, an average number
of workers equal to 3 and a capital of 3.5 million CZK.
The management of this a company can deduce that the
purchase of 10 ha of land while other factors remain
constant makes it possible to achieve a production of 6.397
million CZK. A production of 7.444 million CZK can be
achieved by increasing the average number of employees
to 4.
This approach will allow company management to do
the following:

Fig. 13 PivotTable: factor–factor, corresponding to the current state with combinations
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•
•
•

find a combination of several factors that leads to
roughly the same level of production;
identify the maximum value of production in the
reporting period;
derive the percentage change in the value of one factor
during the change in value of the second factor and at a
constant level of production.

•

7.4 Result of Prototyping
7.4.1 Existence of a Solution
Based on the conceptual, logical and physical design of the
prototype and multidimensional database, we accept
hypothesis H1 regarding the existence of an allowable
transformation of the EM into a physical schema for
OLAP.
All mentioned variants of data integration store econometric equations in the form of multidimensional structures. We select variant C of the data integration to design
the EM-OLAP framework, which also enables us to store
theoretical values.
Storing econometric equations in the form of measures
or calculating the column instead of using only the time
series is advantageous, as fixed, stored time series are
incompatible with theoretical values, which are important
for planning changes in individual factors (variables, e.g.,
queries regarding the influence of an increased number of
employees, stored goods, and/or capital on the overall
production). This situation represents a difference with
respect to classical OLAP solutions, which offer only a
current view of the enterprise data and for which data
mining instruments are needed to carry out further analytical works.
7.4.2 Limitations and Constraints of the Application
The prototyping result has some design constraints:
•

•

Generally, OLAP focuses on a more effective analysis
of a large number of events, which are related to
combinations of a limited number of dimensions.
Aggregation mechanisms are the advantage of this
solution, yielding a better understanding of the
observed process or event. Thus, several concepts in
different dimensions must be limited. One should
ensure that the dimension tables are somehow related
to the fact tables.
It is always necessary to set the range of dimension
values according to a concrete economic reality and to
predict these ranges. When these ranges are large, the
data should be rounded or categorized. In our considered context (agriculture), it is easy to set the ranges of
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dimensions such as land acreage and number of
employees. However, capital is a continuous quantity,
and its concrete values should be constrained via
rounding or categorization.
Multiequation models should be treated with care when
considering a granularity problem. Several variants
should be considered for this design: (1) select only one
endogenous variable as a measure and solve the
remaining equations as a calculated column. (2) Create
a measure for the selected variable as an aggregation
function (e.g., average, maximum) and solve the
remaining equations as a calculated column. (3)
Convert the EM into a reduced form (one equation).
(4) Create a separate data cube for each endogenous
variable, with the relationships among individual
variables being lost. The selected variant will depend
on the econometric requirements of the created OLAP
solution.

8 EM-OLAP Framework
The presented TEM method is a fundamental method for
designing a multidimensional database for econometric
analyses. However, this method itself is insufficient for a
system designer if he/she does not know which constraints
and associations this method applies in the design of a final
data mart and OLAP.
Considering all the results from Sects. 6 and 7, we
present the EM-OLAP framework. This framework is
developed to support the design of a multidimensional
database to secure econometric analyses to increase the
effectiveness of the development of econometric intelligent
systems. This framework is focused on the design of a
multidimensional structure from production, cost or
demand functions and supports the realization of OLAP via
multidimensional databases. The components of the
framework are shown in Fig. 14.
We propose the following specific framework processes:
1.

Analysis of requirements. In this stage, the needs of the
end users are examined within the context of the
econometric analyses. We identify the type of econometric analysis required by the company (analysis of
production costs or demand). We identify the requirement to analyze the relations between factors of
production or results of production (e.g., factor–factor
and product-factor relations). We classify the requirements for declaring the characteristics of the progress
of functions (unit, marginal) and the corresponding
flexibility. This stage can be refined during the life
cycle of the design and ends with the physical design
of a multidimensional database.
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Fig. 14 EM-OLAP framework

2.

3.

Selection of EM. The aim of the EM selection phase is
the selection of the EM type for subsequent econometric analysis. The model can be expressed in a structural
or reduced form. However, it must already be assessed
and usable for economic interpretation in the company.
All variables in the model must be clearly interpretable,
and the requirement that the values of these variables
must be obtainable from the production resources of the
enterprise must be satisfied (e.g., operational databases). The model may represent production or costs.
For example, the demand function of the company can
be expressed in a power form if none of the variables is
equal to zero. If this condition is not met, then the form
of a linear function must be chosen. The outcome is an
overview of econometric analyses functions along with
detailed documentation of the significance of variables
and characteristics of their progress.
Analysis of sources. In this phase, the various schemas
of data sources must be analyzed, and they must be
aligned to obtain documentation of the data sources for
integration. This phase occurs in conjunction with the
EM selection stage. Knowledge of the econometric
function for which the data will be integrated and
knowledge of the available data sources are necessary
to select appropriate econometric functions. The result
of this phase is the documentation of data sources for
integration into the prototype of a multidimensional
database. The data to be integrated must satisfy the
following conditions:
(a)

(b)
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The data to be integrated into dimensions must
reflect the current state of the factors of the
company.
The fact table must be created using the actual
combination of factors that yield the resulting
value of the company.

(c)

(d)

4.

Creation of a data model. The aim of this phase is to
develop conceptual and logical schemas (according to
the TEM method). To create a conceptual schema, the
following steps must be performed:
(a)

(b)
(c)
5.

Meanwhile, in the fact table, all possible combinations of factors that can theoretically occur
must be created.
The number of concepts in each dimension
should be limited. According to the economic
reality, ranges should be set for continuous
variables to ensure the correct function of the
aggregation mechanisms. The data should be
rounded or categorized when the ranges are
broad.

Create measures for each endogenous variable
from the EM (Rule 1.1). Constraints given
granularity should be considered in this step,
as mentioned in Sect. 7.4.2).
Create dimensions for each exogenous variable
from the EM (Rule 1.2).
If there is a time variable in the EM, create the
time dimension (Rule 1.3).

Creation of the prototype. In this phase, the prototype
for the validation of a proposed logical schema is
created. We integrate data into the fact table and into
each dimension. The next step is to create relations
between the fact table and the dimensions. Then, the
PivotTables, charts and other outputs can be generated
for the OLAP. When calculating the indicators, the EM
function type must be considered. For example, if the
modeled function is linear and does not contain any
constant, it is possible to perform summation in the
calculation of measures. In other cases, only the
aggregation of the maximum or average type makes
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6.

economic sense. The resulting display of data in a
PivotTable must allow a factor–factor analysis. If any
of the above activities ends in failure or if the result is
not valid according to the requirements of the analysis,
then the conceptual or logical schema must be
remodeled.
Physical design. Acceptance of the prototype ends the
process of designing the logical schema. In this stage,
the physical properties of the database are determined
based on the specific functions provided by the
database system, such as indexing and partitioning.

achieved during individual phases of the methodology
presented in this article:
Design of the TEM method. Given the nature of the used
method of analogy as a thought process, the conclusions
of the analogy clearly lack the characteristic of
irrefutable claims. Therefore, other permissible transformations of the EM into conceptual and logical schemas
may exist.
Selection of variants of TEM designs. The quality of the
proposed schemas was measured according to scientific
methods for measuring data marts presented by (Serrano
et al. 2008; Gupta and Gosain 2010). In this area, new
ways to measure the quality of multidimensional
schemas are continually being developed. Therefore,
we cannot evaluate the use of other approaches.
Creation of rules for the TEM method. The formal
notation of the TEM method was created via a mathematical apparatus gradually derived step-by-step instead
of via the formulation of definitions, theorems and
mathematical proofs. The TEM method was successfully
presented at the 9th European Computing Conference
(Tyrychtr and Vrana 2016).
Creation of the prototype. The creation of the prototype
of conceptual and logical schemas (according to the
TEM method) and the subsequent creation of the
physical schema of a multidimensional database allowed
us to accept hypothesis H1. To design a physical
schema, we experimented with different variants of
integrated data. All variants were based only on data
suitable for the analysis of production functions. Evidently, the physical design demonstrated the ability to
identify different approaches when different types of
econometric context are proposed. In future research, the
proposal of physical access (e.g., in the context of cost
and demand functions) should be considered.
Acceptance. Several potential problems hindering the
adoption of the TEM method exist. According to the
design principles of a multidimensional database, fact
table measures should be connected to only the combinations of dimensions that determine their values. Thus,
only measures sharing all dimensions should be incorporated into the fact table. As a result, the following two
possible situations can occur in the design of a multiequation model:

9 Application and Acceptance of the EM-OLAP
Framework
Our EM-OLAP framework was applied in the real environment of the AgroKonzulta Žamberk s.r.o. agricultural
company, which has operated in the field of agriculture for
over 20 years and is engaged not only in agricultural production but also in consultancy and software development
for farmers. The requirement of management was to conduct econometric analyses of the production functions of
organic farming, taking into account the impact of subsidies. The entire application of the EM-OLAP framework to
the company was done using the Pentaho Business Analytics open source software solution, which is compatible
with the MySQL relational database. The client application
enabled the company management to obtain information
regarding the total production over time in the form of
PivotTables and graphs. To carry out the factor–factor
analysis, which was implemented so that the user could
select different combinations of factors (e.g., labor, land,
capital, direct payments, and price), the entire dashboard
system was set up to highlight key indicators that represent
a combination of factors that yield approximately the same
level of production. We created additional special outputs
that allowed for individual factors to be used to obtain
information regarding the production unit, marginal production and production flexibility. The calculations
allowed us to model possible variants of the economic
evolution and significantly helped the management to make
adequate decisions to balance the economics of the
company.
A.
10 Discussion
In our work, a new EM-OLAP framework that supports the
development of econometric intelligent systems was
introduced. Below, we judge the validity of the results
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Entries in the fact table have a relationship with the
NULL element for each dimension, which is not
related to the measure within this entry. Introducing a
calculated column and selecting only one equation as a
measure may be one solution to this problem. For
example, y1 or y2 from (5) should be solved as a calculated column, and a measure should be defined, e.g.,
as an average of the production y2 .
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Entries in the fact table contain measures related to all
dimensions. This situation leads to incorrect aggregated results and incorrect semantics. This problem
does not occur when a reduced form of the EM exists
(i.e., an EM with one equation). For example, y2 in (5)
can be the only measure available in the OLAP model.

The abovementioned problems address multiequation
models, which are rare in the current econometrics. The
TEM method can be used without these constraints for oneequation models depending on the concrete EM used
(which can be based on various methods, e.g., deterministic
frontier models, stochastic frontier model, panel data
models, and estimation of the technical inefficiency),
which may or may not allow transformation into a reduced
form.
OLAP is sometimes carried out in a non-standard way:
•

•

Only measures related to all dimensions are stored in a
standard way (if possible) in the fact table. In practice,
data cubes are created with respect to various areas.
However, the occurrence of non-standard solutions in
which measures are not related to all dimensions is not
an exception. These solutions are built using one fact
table and multiple dimensions. This, however, leads to
(1) many NULL elements in a data cube and (2) the
user knowing the correct combinations and when to use
a certain measure with a particular dimension.

Thus, we limited our article to existential design solutions, i.e., to the idea that some solutions for the econometric OLAP analyses exist.
Application. In our work, we applied the EM-OLAP
framework to and verified it by considering only one
company. One primary obstacle to the application of the
framework to other types of businesses was the high cost of
implementation of the overall EM-OLAP solution. Another
obstacle to the validation of the EM-OLAP framework was
the rather large complexity of the application of OLAP
approaches. In future research, the understandability of the
entire solution, its cohesion, its economic impact and the
efficiency of testing the applied technology using the final
solution must be measured. The progress of the design of
EM-OLAP also motivates further research on its integration into existing design methods to allow parallel design
of the classic OLAP systems and the proposed EM-OLAP
systems. The effects of other approaches (e.g., data mining
and competitive intelligence) were not considered in the
framework. Despite some setbacks regarding validation of
the framework, the resulting EM-OLAP framework allows
a company to conduct econometric analysis without company management possessing in-depth knowledge of it. In
our work, we placed great emphasis on the application of
the production function for OLAP.
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11 Conclusions
The motivation of our research was to enable companies to
reach full production power and technical efficiency. In this
article, we sought approaches capable of facilitating the
development of econometric intelligent systems. These
systems can easily help company management to interpret
an econometric analysis, from which it is possible to obtain
relevant knowledge regarding their economic performance.
In this article, we presented the EM-OLAP framework. The
goal of this framework is the transformation of EMs into
multidimensional schemas. The input consists solely of
econometric equations that are transformed, via our innovative TEM method, into conceptual and logical schemas
of analytic databases. Along with the analysis of data
sources, we searched for a prototype that can enable the
implementation of the requirements of econometric analysis. The output of the EM-OLAP framework is a physical
schema of a multidimensional database based on econometric models, which is applicable to online analytical
processing in intelligent systems.
The proposed framework provides system engineers a
methodological framework for designing the structures of
multidimensional databases. This approach, based on
OLAP client applications, enables us to obtain analytical
data and present it using dashboards in the form of PivotTables, graphs and other special outputs. Information
regarding total production costs or consumption can be
developed in real time for the whole company or its parts.
The key benefit is the ability to perform factor–factor
analysis, which can be implemented in a manner that
allows the user to select different combinations of factors
(e.g., number of employees, price, quantity of input factors,
and population in the region). We can determine combinations of factors that lead to approximately the same level
of production and create additional special outputs that
provide other economic information for individual factors
(such as unit production, marginal production or production elasticity). Finally, we can seek the best combination
of factors to maximize production or, conversely, to reduce
costs and to help improve company efficiency. Because
similar research on econometric analysis via OLAP has not
been carried out, the results and benefits presented in this
article offer new insights into the development of econometric intelligent systems.
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Čechura L (2014) Analysis of the technical and scale efficiency of
farms operating in LFA. AGRIS On-line Pap Econ Inf
6(4):33–44 (ISSN: 1804-1930)

561
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